ABSTRACT Dust storms have severe environmental, economic, health, weather, and climate change impacts. A severe dust storm that hit Egypt on 22 January 2004 was selected as a case study to establish an accurate numerical model to simulate dust storms over Egypt using the Weather Research Forecast with a chemistry module (WRF-Chem). Two simulation setups using WRF-Chem were conducted using two geographic domains: the first exclusively included dust sources within Egypt, while the second included an external dust source, the Bodélé Depression in southwestern Chad. The first simulation was only able to capture the core of the dust plume from the internal dust source Egyptian Qattara Depression, but the second was able to capture the spatial dust distribution from both the Qattara Depression and the Bodélé Depression. Moreover, the results from our second simulation model had less errors than comparable results using moderate resolution imaging spectroradiometer (MODIS). We then investigated the impact of meteorological data assimilation methods using both three-dimensional and four-dimensional variational assimilation algorithms to simulate the aerosol optical depth of the dust storm using weather research forecast data assimilation (WRFDA) framework.
I. INTRODUCTION
Egypt is located in the heart of the global dust belt, and meteorologists need to be able to predict dust storm occurrences and their intensities in order to forecast their impacts on human life. Sand and dust storms have strong effects on planetary life [9] , [22] . Airborne sand and dust are health hazards for the young and the elderly [3] , and previous research has shown direct correlations between particulate matter (PM) and mortality [17] , [18] , Cho et. al., 2008 , [21] , [25] , [27] , [32] further health effects from exposure to desert dust particles are highlighted in [30] . Dust storms also have effects on climate processes and can modify the earth's radiative equilibrium, potentially leading to equatorial tornados, which in turn can intensify dryness and affect the quality and chemistry of both air and water [16] , [28] .
Many physical factors affect how a dust storm will be shaped and transported, including wind speed and direction, air temperature, and precipitation [28] . Wind speed is
The associate editor coordinating the review of this article and approving it for publication was Lefei Zhang. the main factor that affects the movement of the primary aerosols-i.e., sand and dust-to the atmosphere [9] . Many recent studies at both the global and regional levels have used ground and remote sensing observations in addition to numerical modeling in order to simulate and investigate various aspects of dust storms from a variety of different dust sources [2] , [4] , [6] , [12] , [13] , [15] , [19] , [20] , [24] , [31] . A huge array of different ground and satellite observations are available, and merging these data into a single numerical model is necessary to improve model performance. A Weather Research Forecast (WRF) system with a data assimilation module (WRFDA) has therefore been developed and made available to researchers and the community at large scale [5] , [26] , with the primary goals of minimizing functional costs and finding the optimal merges of observations and prior numerical weather predication (NRW) [5] . WRFDA uses a variety of different techniques, including three-dimensional variational (3DVAR) data assimilation [1] , a more expensive computational technique called four-dimensional variational (4DVAR) data assimilation (Huang et al., 2009) [33] , and a hybrid algorithm (Wang et al., 2008a, b) [34] , [35] . The mathematics behind the data assimilation strategies are based on the least square approach, and are detailed in [14] and summarized by Eltahan (2017) [36] .
Eltahan et al. [7] further demonstrated the potential of coupling the numerical WRF model with chemistry data (WRF-Chem) to simulate extreme dust storm events' aerosol optical depth (AOD), using the example of a severe dust storm that hit Egypt on 22 January 2004. After applying different tuning coefficients for three implemented dust schemes, the researchers showed that increasing the dust scheme tuning coefficient improved the model's accuracy of spatial distribution of AOD compared to results from moderate resolution imaging spectroradiometer (MODIS). However, the numerical WRF-Chem model was unable to correctly simulate AOD over southwestern Egypt; in this region, MODIS was more accurate.
The WRF model, with its ecosystem and extra packages (e.g., WRF-Chem and WRFDA) that extend and expand its capabilities for both operational and research applications, is one of the most important community numerical weather forecasts that exists (NCAR technical note, 2008). The WRF modeling framework includes all the components needed for numerical weather prediction, ranging from physics modules that communicate with the numerical solver to numerical techniques used to solve the governing equations. The WRF framework also includes an initialization program responsible for preparing the initial boundary conditions for any given geographical domain which is Weather research forecast preprocessing system (WPS).
In the present paper, we follow the recommendations proposed by Eltahan et al. [7] to improve the WRF-Chem model's simulation of AOD for the January 2004 Egyptian dust storm. This specific event was selected because the 12-year spatiotemporal analysis using high-resolution AOD data from MODIS showed that this event was the most severe AOD event to hit Egypt between 2003 and 2014 [23] . To attempt to rectify the WRF-Chem model's failures to correctly simulate AOD in southwestern Egypt during this event, we used an extended geographical area that includes dust sources located outside of Egypt which likely contributed to shaping the spatial distribution of AOD over Egypt.
We also investigated the impact of using the 3DVAR versus the 4DVAR data assimilation methods, using data from the National Center for Environmental Prediction (NCEP). To the best of our knowledge, no previous work has explored the impact of these WRFDA data assimilation methods for dust storm simulations over Egypt. One of this paper's main objectives was therefore to fill this critical gap in order to have a more complete understanding of dust storms and thereby increase the model's ability to build an accurate predication framework for Egyptian dust storms.
II. METHODS AND MATERIALS
We used both the WRF-Chem and WRFDA modules of the WRF framework to investigate AOD simulation during the Egyptian dust storm of 22 January 2004. We also used two types of observations: NCEP-ADP data were used in the assimilation framework to enhance its predictions, and AOD data from the model with and without data assimilation were used for comparison with MODIS data.
A. MODEL SETUP
WRF-Chem v.3.8 was used to simulate both meteorological and optical properties over the domain of the selected severe dust event. Figure 1 shows the configured geographical domain for both the Egypt-only domain and the extended domain. We ran the model separately for each of the two geographical domains. The first run included only one dust source, the Qattara Depression, which is located within Egypt. The second geographical setup included both internal and external dust sources, namely the Qattara Depression and the Bodélé Depression, which is located in Chad. The Lambert projection was configured in a 120 × 120-point grid; the horizontal and vertical resolutions were set at 10 km 2 with 41 vertical layers. Final analysis variables were available from the NCEP as lateral, initial, and lateral boundary conditions for the prognostic variables; they were obtained with a 6-hour temporal resolution and a 1 • × 1 • spatial resolution. The three main variables responsible for initializing dust emission schemes were erosion and the sand and clay fractions. Three different emission sources for both aerosols and trace gases were prepared in WRF-Chem using the preprocessor for chemistry emissions PREP_CHEM_SRC; further details about these different emission fields can be found in [8] . The physical parameterization and chemistry setups are shown in Tables 1 and 2 .
B. DATA ASSIMILATION MODEL (WRFDA)
We analyzed the effects of two data assimilation methods on the simulation of the selected severe dust storm. The same model setup mentioned in Section 2.1 was used in the investigation. We ran the simulation three times. The first run included normal initial and boundary conditions. The second and third runs were conducted after assimilating NCEP-ADP data into the numerical model with WRF-Chem; the second run assimilated data using 3DVAR from two observations (at 12:00 AM and 6:00 AM), while the third run assimilated data using 4DVAR from the two same observation times.
All the numerical model runs used the Goddard Global Ozone Chemistry Aerosol Radiation and Transport (GOCART) dust scheme with tuning coefficient 1.7, which produced the lowest bias with respect to the MODIS AOD image [7] implementation details for GOCART and how the dust flux for this dust scheme is implemented are explained in [10] . The 3DVAR algorithm is based on trying to merge a single observation at a specific time with background data (i.e., output from a reanalysis model) from the numerical models, as shown in Figure 2a . The algorithm then provides the best estimate based on the following cost 
where J(X) is the error (cost function value), X is the required best estimate after minimization, X B is the background field, Z represents the observations, B and R are the error covariance matrices for the background and observations, respectively, and H is a function that maps from observation space to modeling space.
In contrast to 3DVAR, the 4DVAR algorithm is based on trying to merge multiple observations with the background analysis at a specific time, as shown in Figure 2b . The algorithm then provides the best estimate based on the following cost function minimization equation:
where N in this equation is the number of observations to be assimilated. In order to evaluate the models' performances, we took the novel approach of comparing the eigenvalue structures of the AOD data for both the satellite image and the contour map of the numerical model, as suggested by Eltahan et al. [7] .
C. MODIS
MODIS was installed on the Aqua and Terra satellites in 2002 and 1999, respectively. It monitors many things, including aerosol optical properties such as AOD and single-scattering albedo over land and oceans. We obtained non-gridded product data at 550 nm from Collation 6, Level 2 (10 km resolution), which had the ability to catch the spatial pattern of the AOD in both uninhabited and urban areas.
We used a combined measurement of AOD over land and ocean from both the dark-target and deep blue algorithms.
D. NCEP-ADP
NCEP combines global data available from both surface and upper-air observations. These data consist of land surface, marine surface, radiosonde, and aircraft observations. These global data were captured using the Global Telecommunications System profiler and US radar and satellite data from the National Environmental Satellite Data and Information Service. The datasets include field variables such as pressure, height, temperature, geopotential, dew point temperature, and wind speed and direction. Datasets were available from 1999 to the present with time resolutions of 1-12 hours.
III. RESULTS
This section is divided into two subsections. The first subsection investigates the effect of changing the geographical domain over Egypt to simulate very severe dust storm hit Egypt in 22 January 2004. The Second subsection examines the influence of NCEP-ADP observations assimilation using both 3DVAR and 4DVAR algorithms on the dust storm simulation over Egypt.
A. EFFECT OF CHANGING THE GEOGRAPHICAL DOMAIN
To attain more accurate and reliable results for the southwestern region of Egypt in the 2004 dust storm case study, the geographical domain setup was modified to include other dust sources that could impact this domain, such as the eastern Libyan Desert and the Bodélé Depression (see boxes D1 and D2 in Figure 3 ). The ''Egypt'' domain shown in Figure 3 was customized to be over Egypt, and a spatial filter was implemented to generate the same domain in the MODIS data. Figure 4 presents the AOD spatial allocation from the MODIS satellite data, the WRF-Chem data without modified boundary conditions (B.C.), and the WRF-Chem data with modified B.C. It is clear from Figure 4c that modifying the geographical domain setup to include other dust sources improved the AOD distribution over southwestern Egypt and generated AOD distribution results in this area that were similar to the MODIS results. However, it is clear from Figures 4.c and 4 .b that the model overestimated AOD in domain D4. This overestimation occurred because the B.C. of western Egypt were modified. Tuning the dust coefficient to a lower value over this specific domain (D2) could potentially improve the results and bring them more in line with the MODIS data. It is also worth noting that the tuning coefficient for the selected dust scheme was implemented as a single value over the whole spatial domain, and multiple tuning coefficients should likely be implemented in this spatial geographical domain based on the soil textures.
In the case of the WRF-Chem with modified B.C. model, the eigenvalue structure of the spatial distribution of AOD was very close to the AOD captured by the MODIS data, as shown in Figure 5 . The WRF-Chem model with no modified B.C. had a lower eigenvalue structure than the other two cases. This leads to the conclusion that, this external dust source had critical impact on shaping the spatial distribution of AOD during this dust storm.
B. EFFECT OF 3DVAR AND 4DVAR ASSIMILATION
We also investigated the model's accuracy at simulation the transportation of the case study dust storm, using both the 3DVAR and 4DVAR meteorological data assimilation methods. Figure 6 shows the AOD spatial allocation from both MODIS satellite data and the model without either 3DVAR or 4DVAR data assimilation. Notably, the maximum AOD minimally decreased after assimilation, resulting in the assimilation of wind speed-a critical variable in dust schemes.
The eigenvalue structures for the four cases (MODIS and WRF-Chem data alone, and WRF-Chem data with 3DVAR and 4DVAR data assimilation) are shown in Figure 7 . The eigenvalues for WRF-Chem without assimilation were the closest to the MODIS data and the free run without assimilation. Assimilation had a negative impact on the AOD simulation, and 4DVAR had a more negative impact on AOD simulation than did 3DVAR. This indicates that data Table 3 . We found that WRF-Chem with the extended geographical domain contained higher PM 10 and PM 2.5 values than WRF-Chem without the extended geographical domain. These higher values for both PM types can be explained by the addition of the eastern Libyan Desert as a dust source (domain D2 in Figure 3) , which was added to the extended geographical domain setup. It was noticeable that the mean of PM 10 and PM 2.5 was slightly reduced after assimilating the NCEP meteorological field variables (e.g., wind speed, humidity) into the WRF-Chem with extended geographical domain setup. This indicates that assimilating the meteorological variables had a positive impact on the AOD, PM 10 , and PM 2.5 simulations. In addition, both 3DVAR and 4DVAR affected the model simulations. The concentrations of both PM 10 and PM 2.5 were higher with the 3DVAR assimilation than with 4DVAR. This is likely due to the fact that 4DVAR assimilates multiple observations depending on the selected assimilation time window, while 3DVAR assimilates only a single observation. One of the assimilated meteorological variables is wind speed which lead to predict less estimate of wind speed in case of 4DVAR since multiple observations.
IV. CONCLUSION
We used the WRF-Chem and WRFDA models to simulate the extreme dust storm that hit Egypt on 22 January 2004. This work is essentially an extension of previous published work by Eltahan et al. [7] and followed its recommendations for further research, including (1) extending the geographical domain setup to include other dust sources outside of Egypt and (2) investigating the effects of the 3DVAR and 4DVAR data assimilation methods in simulating the storm's AOD distribution.
We found that the first suggestion generated positive results: the extended geographical domain setup, which included additional dust sources, led to a more accurate simulation of the spatial distribution of AOD during the dust storm. The composition of every dust storm differs based on the origin of the dust source. The second suggestion showed the importance of data assimilation for the dust storm. Since no data assimilation framework modules are currently available for chemistry emissions, we assimilated data from meteorological variables using two different methods, 3DVAR and 4DVAR. We found that including wind speed data was vital and resulted in a lower estimation of wind speed magnitude and a lower AOD distribution for the same tuning coefficient used in the GOCART dust scheme.
This work investigated a real-case scenario in order to establish a reliable weather forecast framework that can be used predict dust storms. Although the present research used an Egyptian case study, the framework outlined here is likely also applicable to other countries. Our results suggest that researchers should take particular care when establishing the geographical domains for their models and should be sure to include all internal and external dust sources that could impact their target study area. Researchers should investigate which dust scheme is best able to simulate any given dust storm and tune their dust parametrization scheme accordingly, as shown in [7] . The methodology outlined in that paper and in the present study should be used for all models attempting to simulate dust storms over a given regional or even global geographic domain.
Additional work is needed in a number of areas. First, the implementation of different tuning coefficients for every subgeographic domain based on soil moisture content will likely reduce the risk of overly high AOD estimates, such as those found by our model over the Qattara Depression after the geographic domain was modified as shown in Figure 4c . Second, aerosol indirect effects (aerosol-cloud interactions) should also be investigated, including (1) the dominant optical depth for clouds regarding their effects on effective radius, without changes in cloud water constitution; (2) the impact of droplet numbers, which likely impact mean droplet size and could plausibly therefore affect precipitation; and (3) the influence of sunlight aerosol absorption on cloud liquid water.
Third, the impact of different data assimilation modules should be further investigated, specifically within Egypt, and a detailed comparison of their output and performance should be made. The WRFDA module provides the ability to perform this comparison with 3DVAR, 4DVAR, Ensemble Kalman filter (ENKF), and hybrid filters, but it requires high computational capabilities (e.g., hard disk space and RAM memory) that exceeded the capacity of the present study. Fourth, the impact of different emission inventories on AOD construction should be investigated. Fifth and finally, the VOLUME 7, 2019 need for chemical data assimilation has become more urgent due to the high impact of chemical concentrations on AOD construction. Initial work to develop this has been conducted at Colorado University and holds promise for future research.
